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Abstract

Rehabilitation clinicians make threshold-based decisions—exercise 
progression, return-to-work clearance, heat safety management—that 
depend on reliable physiological monitoring. Yet current noninvasive methods 
for estimating core body temperature provide only point predictions with no 
indication of reliability. A prediction of 38.3°C tells clinicians nothing about 
whether the true value is 38.2°C or 39.0°C, making it impossible to distinguish 
a trustworthy estimate from a dangerously uncertain one. This limitation 
is especially concerning in rehabilitation, where autonomic dysfunction, 
cardiovascular medications, and atypical physiology cause prediction errors 
to vary unpredictably across patients and conditions. This mini-review argues 
that calibrated uncertainty—not accuracy alone—should be a foundational 
requirement for physiological monitoring in rehabilitation. It introduces 
conformal prediction, a framework that produces statistically valid prediction 
intervals: when configured for 95% confidence, the true temperature 
falls within the stated bounds approximately 95% of the time. Proof-of-
concept evidence spanning over 140,000 measurements across six high-
heat operational domains demonstrates that such calibration is technically 
achievable in real-world settings. For rehabilitation practice, uncertainty-
aware monitoring enables risk-stratified exercise progression, defensible 
return-to-work decisions grounded in explicit confidence bounds, and scalable 
telemonitoring with transparent escalation pathways. The central principle is 
that uncertainty should be treated as a first-class clinical signal—used to pace 
progression, trigger conservative action, and distinguish high-risk physiology 
from low-trust measurement.

Introduction
Rehabilitation clinicians routinely make threshold-based 

decisions—when to advance exercise intensity, whether to clear a 
patient for return-to-work, how to manage heat exposure during 
outdoor therapy—that depend on physiological monitoring. Yet the 
noninvasive tools available for core body temperature estimation 
provide only point predictions with no measure of reliability1,2. A 
predicted temperature of 38.3°C offers no indication of whether the 
true value is 38.2°C or 39.0°C, leaving clinicians unable to distinguish 
a trustworthy estimate from a dangerously unreliable one. This 
invited mini-review, drawing on the author’s recent work applying 
conformal prediction to core temperature estimation3 and the 
broader uncertainty quantification literature, argues that calibrated 
uncertainty—not accuracy alone—should be a foundational 
requirement for physiological monitoring in rehabilitation therapy.

Heat exposure is an increasing occupational and public health 
concern, amplified by climate change and more frequent extreme 
heat events4-6. In the United States, an average of 702 heat-related 
deaths per year were reported between 2004 and 2018, with 
occupational settings contributing an average of 34 deaths annually 
between 1992 and 20227,8. Workers in construction, firefighting, 
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military operations, mining, and warehousing are 
especially vulnerable due to hot environmental conditions, 
physically demanding tasks, and requirements to wear 
heavy protective equipment9. These concerns overlap 
directly with rehabilitation therapy, where clinicians 
supervise graded exertion, functional testing, work 
hardening, and return-to-work programs—sometimes in 
warm environments or among individuals with reduced 
thermoregulatory reserve.

The clinical consequences of elevated core body 
temperature are well-characterized. Minor deviations 
(+0.5–1.0°C above baseline) can degrade fine motor skills 
and cognitive tasks10,11. Moderate elevations (+1.5–2.0°C) 
are associated with heat exhaustion12,13. Hyperthermic 
states above 40°C can result in heat stroke and multi-
organ failure14,13. Importantly, functional safety limits can 
be reached before catastrophic heat illness manifests, 
and patients may not reliably perceive early physiological 
danger—especially those with neurological impairment or 
medications that mask warning symptoms14.

This review first examines why point predictions 
are fundamentally inadequate for threshold-based 
rehabilitation decisions, then introduces conformal 
prediction as a practical uncertainty framework with 
formal coverage guarantees. It reviews multi-domain 
feasibility evidence and translates these concepts into 
rehabilitation-specific applications including risk-stratified 
exercise progression, defensible return-to-work decisions, 
and scalable telemonitoring with transparent escalation 
pathways.

The Problem with Point Predictions
Direct measurement of core body temperature typically 

relies on invasive or semi-invasive sensors that are 
impractical for routine rehabilitation use1. Noninvasive 
alternatives infer core temperature from physiological 
proxies such as heart rate, skin temperature, activity, 
and ambient conditions2,1. However, these proxies carry 
context-dependent error that varies with hydration, 
acclimatization, clothing insulation, sensor placement, and 
transient workload changes1. In rehabilitation populations, 
additional heterogeneity is common: autonomic 
dysfunction, cardiometabolic disease, pain-limited 

movement, and medications that modify cardiovascular 
response can all shift the relationship between proxy 
signals and internal temperature.

The fundamental problem is not that these methods 
are inaccurate—it is that they provide no information 
about when they are inaccurate. Consider a widely used 
algorithm that achieves 0.3°C average error. This statistic 
tells us nothing about individual predictions: is this 
particular estimate reliable to ±0.1°C, or could it be off by 
0.8°C? The error distribution is rarely uniform. Models 
typically perform worse at temperature extremes, during 
rapid physiological transitions, in unfamiliar contexts, or 
for individuals with atypical physiology—precisely the 
conditions where accurate prediction matters most for 
safety.

This creates an epistemological trap: where we most 
need to trust the model is often where we should trust it 
least. A rehabilitation patient with autonomic dysfunction, 
on beta-blockers, performing intermittent activity in a 
warm outdoor environment may fall outside every training 
distribution the model has seen. The point prediction 
provides no signal that this is the case (Table 1).

Why Calibrated Uncertainty Matters in 
Rehabilitation

Figure 1 presents an overview of an uncertainty-aware 
monitoring system that addresses this challenge. The 
argument for calibrated uncertainty rests on a simple 
observation: you cannot make a threshold-based decision 
without knowing how much to trust the prediction.

Rehabilitation decisions are frequently threshold-
driven and risk-asymmetric—it may be preferable to pause 
a session conservatively than to miss a high-risk heat event, 
especially for medically complex individuals or during 
return-to-work trials in warm conditions15.

Consider a predicted temperature of 38.3°C, just below 
a 38.5°C pause threshold. With a point prediction alone, 
the clinician has no basis for deciding whether to continue 
or pause. If the prediction is reliable to ±0.1°C, continuing 
is reasonable. If the prediction could be off by 0.5°C, the 
true temperature might already exceed 38.5°C—or might 
be safely below 38.0°C. The point prediction provides 

System Type Example Calibrated? Clinical Implication

Point prediction only Kalman filter, regression No Cannot support threshold decisions—no way to know when estimate 
is unreliable

Uncalibrated uncertainty Bayesian, ensemble, MC dropout Poor Intervals may be systematically too narrow or wide; false confidence
Calibrated uncertainty Conformal prediction Yes Intervals have interpretable coverage; enables risk-aware decisions

Note: Calibration means stated confidence intervals achieve nominal coverage (e.g., 95% intervals contain true value ≈95% of the time). This 
property is independent of average accuracy. Uncalibrated methods can improve uncertainty estimation but usually require careful tuning 
during or after model training, ideally on held-out data.

Table 1. Accuracy versus trustworthiness in physiological monitoring. Average error describes typical model performance; calibration describes 
whether the system communicates when predictions are unreliable. For clinical decision-making, a well-calibrated system may be more useful 
than an uncalibrated system with lower average error, because clinicians can adjust safety margins appropriately.
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no information to distinguish these scenarios. Figure 2 
illustrates how different confidence levels affect threshold-
based decisions.

Uncertainty-aware monitoring supports three practical 
functions:

1.	 Risk-aware progression: When uncertainty is high 
(wide intervals), clinicians can slow progression, 
increase rest, or repeat measurement before 
advancing intensity.

2.	 Actionable escalation: Upper confidence bounds 
can trigger conservative interventions even if the 
point estimate is below threshold.

3.	 Auditability: Calibrated intervals provide a 

defensible rationale for protocols, enabling 
documentation that states intervention occurs when 
the 95% upper bound exceeds a specified value.

Worked Example: A patient undergoing work 
hardening shows a predicted core temperature of 38.3°C 
with a 95% interval of [37.6, 39.0°C]. The interval width 
(1.4°C) exceeds the quality threshold and the upper 
bound reaches 39.0°C—triggering a pause. After sensor 
adjustment and 5 minutes of rest, the prediction updates to 
37.8°C with interval [37.5, 38.1°C]. The narrower interval 
(0.6°C) and upper bound well below threshold now 
support resuming activity. The difference is not just the 
point estimate—it is the actionable information provided 
by the interval width.

Figure 1. Uncertainty-aware core temperature monitoring workflow for rehabilitation. Wearable sensors and contextual information 
feed a prediction model that outputs both a point estimate and a calibrated prediction interval. Crucially, the interval width conveys how 
much to trust the estimate. A separate decision policy layer converts these outputs into clinical actions based on user-defined thresholds 
and confidence levels, enabling transparent, auditable protocols. The key insight is that even a less accurate model becomes clinically 
useful if its uncertainty is well-calibrated.

Figure 2. Calibrated uncertainty for clinical decision support. (A) Effect of confidence level on prediction intervals and clinical thresholds. 
The same prediction (38.2°C) is shown with intervals at 68%, 90%, and 95% confidence. Higher confidence levels produce wider intervals 
that may cross action thresholds—this is a feature, not a bug, as it forces conservative decisions when risk is uncertain. (B) Clinical 
temperature zones showing symptoms that may occur at each level—note that symptom expression is individual and context-dependent, 
and progression through zones is not deterministic.
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Conformal Prediction: A Practical Framework
For rehabilitation clinicians, the key question about any 

monitoring system is whether its reported confidence can 
be trusted—and if so, how much. Several frameworks exist 
for prediction-level uncertainty: Bayesian neural networks, 
ensemble methods (including Monte Carlo dropout), 
and post-hoc calibration techniques3,16,17. These methods 
can improve uncertainty estimation, but none provides 
distribution-free coverage guarantees, and all require 
careful tuning to avoid systematically overconfident or 
underconfident intervals (Table 1).

Conformal prediction offers a complementary approach 
with distinct advantages for safety-critical applications18,16. 
In practical terms, conformal prediction can make 
verifiable promises about its reliability: if configured for 
95% confidence, the true temperature will fall within the 
stated bounds approximately 95 out of 100 times. The 
mechanism is straightforward. Rather than requiring 
strong distributional assumptions, conformal methods use 
a held-out calibration set to determine the distribution 
of prediction errors, then produce bounds around each 
new prediction at a selected confidence level. Under an 
exchangeability assumption between calibration and 
deployment data, the resulting intervals achieve the target 
coverage rate with formal statistical guarantees.

For rehabilitation, this makes uncertainty a controllable 
parameter. Confidence can be set more conservatively (e.g., 
99%) for high-risk patients or high-heat environments, 
producing wider intervals that trigger earlier intervention. 
Conversely, when interruptions are costly and risk is low, 
narrower intervals at 80% or 90% confidence may be 
appropriate. The confidence level becomes a clinical dial 
that can be adjusted based on context, rather than a hidden 
model assumption.

A further refinement is stratified conformal calibration, 
which addresses the fact that prediction error is not 
uniform across conditions3. Error typically varies across 
temperature ranges—often larger at elevated temperatures 
where monitoring is most critical. Stratifying calibration by 
predicted temperature bands allows bounds to widen where 
the model tends to be less accurate and tighten where it is 
more reliable. For a rehabilitation clinician, this means the 
system automatically becomes more cautious as temperatures 
approach dangerous levels—precisely when conservative 

action matters most—while avoiding unnecessary 
interruptions when temperatures are clearly safe.

Feasibility Evidence: Calibrated Uncertainty in 
Practice

Is calibrated uncertainty achievable in real-world 
physiological monitoring? Recent work provides proof-
of-concept evidence3. The study employed a hybrid deep 
learning architecture—bidirectional Long Short-Term 
Memory (LSTM) networks combined with dense layers—
developed and evaluated using over 140,000 physiological 
measurements from 251 participants across six high-heat 
operational domains: wildland firefighting, motorsport, 
mining, nuclear plant work, explosive ordnance disposal, 
and factory settings.

Model inputs included heart rate, skin temperature, 
ambient temperature, activity level, and demographic 
variables (age, sex, body mass, height, body surface area), 
all commonly available from wearable devices. Calibrated 
prediction intervals were generated using inductive 
conformal prediction with stratified calibration across a 
held-out set of approximately 24,000 measurements; full 
methodological detail is provided in3. The central finding 
was clinical, not statistical: the system could reliably 
distinguish trustworthy predictions from uncertain ones. 
Average accuracy was comparable to existing methods 
(0.29°C vs 0.34°C for a benchmark algorithm2), but the 
system’s stated confidence bounds matched reality 12 
times more faithfully—meaning its uncertainty estimates 
could actually be trusted for threshold-based decisions.

This distinction matters. When the system reported 
95% confidence bounds, the true temperature fell within 
those bounds approximately 95% of the time—the 
algorithm “knew when it didn’t know.” Stratified calibration 
adapted interval width to local error behavior: bounds 
widened at elevated temperatures and narrowed where 
the model was more reliable. For a clinician supervising 
graded exercise or return-to-work trials, the monitoring 
system communicates not just what the temperature is, but 
how much to trust it—enabling informed rather than blind 
threshold decisions.

While no other studies have applied conformal 
prediction specifically to core temperature estimation in 
rehabilitation, uncertainty quantification is an active area 
in related physiological monitoring domains. Bayesian 
and ensemble approaches have been explored for blood 
glucose prediction19, and conformal prediction has 
recently been applied to wearable cuffless blood pressure 
estimation with calibrated confidence intervals20. The 
application of distribution-free uncertainty quantification 
to thermoregulatory monitoring remains an emerging 
field, and the evidence reviewed here represents an early 
proof-of-concept that the approach is technically viable.

Example Threshold Protocol
• If 95% upper bound ≥ 38.5°C:
    — Pause, initiate cooling, reassess in 5 min
• If interval width > 0.8°C*:
    — Check sensors, fit, corroborate with symptoms
• If upper bound ≥ 39.0°C for >10 min:
    — Escalate care, consider emergency protocols
*Example quality control (QC) threshold; tune to device and setting.
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The translational lesson is not that clinics must adopt 
any particular algorithm, but that uncertainty calibration 
is technically feasible and should be demanded from 
monitoring systems. The principle is to separate estimation 
from decision policy (Figure 1): the estimator provides 
a prediction and calibrated interval; the decision policy 
determines actions based on patient risk and program goals.

Rehabilitation-Specific Applications

Once calibrated uncertainty is available, rehabilitation 
applications are straightforward. In graded exercise 
therapy, uncertainty-aware monitoring can identify 
periods of stable low-risk physiology versus periods 
requiring conservative adjustment21,22. When intervals are 
narrow and temperature stable, progression can proceed; 
when intervals widen or upper bounds approach thresholds, 
intensity can be reduced or recovery extended. This is 
particularly relevant for cardiopulmonary rehabilitation, 
outdoor therapy programs, and sessions involving patients 
with uncertain thermoregulatory reserve.

Critically, different rehabilitation populations 
present distinct thermoregulatory profiles that affect 
both prediction accuracy and clinical risk. Patients with 
neurological conditions—spinal cord injury, stroke, 
multiple sclerosis—may have impaired autonomic 
thermoregulation, reduced sweating capacity below lesion 
level, and vasomotor dysfunction that disrupts normal heat 
dissipation. Cardiovascular populations face compounding 
factors: beta-blockers blunt heart rate response (a key 
model input), reduced cardiac output limits convective 
heat transfer, and diuretics alter hydration status. 
Musculoskeletal rehabilitation patients generally retain 
intact thermoregulation but may have reduced activity 
tolerance or use protective equipment that traps heat. 
This heterogeneity is precisely why calibrated uncertainty 
matters: the same algorithm will behave differently across 
these groups, and prediction intervals will naturally widen 
for populations whose physiology diverges from training 
data—signaling the need for conservative thresholds 
rather than silent overconfidence.

In work hardening and return-to-work programs, 
monitoring can provide defensible documentation of 
heat tolerance during simulated tasks21,22. Calibrated 
intervals support accommodation decisions—work-rest 
cycles, cooling access, hydration protocols, and protective 
equipment modifications can all be tied to objective 
physiological data with explicit confidence bounds.

For telerehabilitation and remote monitoring, 
uncertainty-aware triage can support scalable escalation 
pathways23:

• Self-management prompts when upper bounds 
approach a conservative threshold

• Clinician messaging when sustained upper bounds 
exceed a higher threshold

• Urgent escalation when bounds exceed critical levels 
or symptoms co-occur

Implementation considerations matter significantly. 
Sensor placement, contact quality, and rehabilitation-
specific equipment (braces, compression garments, 
assistive devices) all influence signal quality1. Uncertainty 
should therefore be treated as a quality signal: a widening 
interval can prompt sensor troubleshooting rather than 
escalation, helping clinicians distinguish “high-risk 
physiology” from “low-trust measurement.”

Equity and alarm fatigue deserve attention. 
Rehabilitation populations are heterogeneous, and 
wearable algorithms may behave differently across ages, 
comorbidity profiles, and medication regimens. Calibrated 
uncertainty reduces the harm of silent failure by making 
“unknown” states visible—if the model is less reliable 
in a subgroup, intervals widen, signaling the need for 
conservative action. Conservative thresholds will increase 
interruptions, but the solution is to tune conservatism to 
context: high-risk patients warrant 95% or 99% bounds; 
lower-risk patients may tolerate 80% or 90% bounds. 
Uncertainty-aware systems make these trade-offs explicit 
and adjustable.

Limitations and Future Directions
All uncertainty quantification methods rely on 

assumptions that may not hold in deployment. Conformal 
prediction requires exchangeability between calibration 
and deployment data; Bayesian methods require well-
specified priors; ensemble methods require diverse model 
components. If calibration data do not reflect rehabilitation 
populations—different age distributions, comorbidity 
profiles, medication use—interval reliability can degrade24. 
This concern is especially acute given the thermoregulatory 
heterogeneity across rehabilitation subgroups. 
Neurological populations (spinal cord injury, stroke) with 
impaired autonomic regulation, cardiovascular patients on 
medications that alter physiological signals, and pulmonary 
rehabilitation patients with ventilatory constraints on heat 
dissipation each present distinct calibration challenges. 
Because conformal prediction’s coverage guarantees depend 
on exchangeability between calibration and deployment 
data, population-specific calibration sets—built from 
rehabilitation cohorts rather than occupational datasets 
alone—may be necessary to maintain interval reliability24. 
Developing and validating such cohorts across neurological, 
cardiovascular, and pulmonary rehabilitation populations 
should be a priority for translational research.

Prospective studies should evaluate not only predictive 
metrics but clinically meaningful outcomes: symptom 
burden, adverse events, session completion rates, patient 
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acceptability, and alarm fatigue. Decision-threshold studies 
are particularly valuable. Comparing protocols that trigger 
actions based on point estimates versus upper confidence 
bounds can quantify real trade-offs between false alarms 
and missed heat events. Such studies would help standardize 
protocols and provide evidence for confident clinical 
adoption. The conceptual and methodological framework 
presented in this review—distinguishing estimation from 
decision policy, with calibrated uncertainty as the bridge—
can inform the design of such trials.

Additional research should examine performance 
under conditions common in rehabilitation: intermittent 
sensor contact, indoor-outdoor transitions, and atypical 
thermoregulatory profiles including patients with 
autonomic dysfunction or cardiovascular limitations.

Conclusion
Calibrated uncertainty—not accuracy alone—should be 

a foundational requirement for physiological monitoring 
in rehabilitation. Exercise progression, return-to-work 
clearance, and telemonitoring escalation all depend on 
threshold decisions that are unsafe without reliable 
confidence bounds. Recent evidence demonstrates 
that calibrated prediction intervals are technically 
achievable in real-world physiological monitoring. The 
path forward requires rehabilitation-specific validation 
cohorts, prospective studies comparing point-prediction 
versus uncertainty-aware protocols, and systematic 
evaluation of clinical outcomes—ensuring that uncertainty 
quantification becomes standard practice as wearable 
monitoring expands in rehabilitation.
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